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METHOD AND SYSTEM FOR DETECTING SEMANTIC EVENTS 

1 . Reservation of Copyright 

This patent document contains information subject to copyright protection. The 
copyright owner has no objection to the facsimile reproduction by anyone of the patent 
document or the patent, as it appears in the U.S. Patent and Trademark Office files or records 
but otherwise reserves all copyright rights whatsoever. 

BACKGROUND 



2. Field of the Invention 

Aspects of the present invention relate to the field of detecting semantics from 
15 temporal data. Other aspects of the present invention relate to a method and system that 
identifies meaningfiil events from temporal data based on event models. 



3. General Backgroimd and Related Art 

Recent technical advances are enabling more and more data being recorded, stored, 
20 and delivered over IP. Data acquisition devices such as cameras are becoming commodities 

with low cost yet high quality. Disk storage technology is riding a Moore's law curve and is 

currently at a doUar-per-megabyte point that makes huge digital content archive practical. 

Optical network and cable modems are bringing megabit bandwidth to offices and homes. 

Selective delivery of content is, however, less well established yet often necessary and 
25 desirable. 
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Selective delivery of content largely depends on whether the content is understood and 
properly indexed. When well understood content and its indexing become available, 
selective delivery can be accomplished by developing systems that use indices to select 
appropriate segments of content and to transmit such segments to where the content is 
5 requested. Conventionally, content indexing is performed manually. With the explosion of 
information, manual approach is no longer feasible. 

Various automated methods emerged over the years to index content. For example, 
for text data, words can be detected automatically and then used for indexing purposes. With 
the advancement in multimedia, data is no longer limited to text. Video and audio data have 
10 nowadays become ubiquitous and preferred. Understanding the content embedded in such 
media data requires understanding both the intrinsic signal properties of different semantics as 
well as the high level knowledge (such as common sense) about various semantics. For 
example, a goal event in a socce r game may be shuull aneously seen and heard from recorded 
video and audio data. To detect such a semantic event, common sense prompts us that a goal 
15 event is usually accompanied by crowd cheering. Yet automated recognition of crowd 
cheering from recorded digital data can be achieved only when the acoustic properties of 
crowd cheering can be understood and properly characterized. 

Automatically establishing indices for such media data is difficult. Existing 
approaches for detecting semantic event usually hard-wire high level knowledge into a 
20 system. Most of such systems employ inference mechanisms but with a fixed set of inference 
methods. When semantic event models are used for detection, they are often built based on 
the snap-shots of the underiying events. For a temporal semantic event (which often is the 
case), such snap-shot based event models fail to capture the temporal properties of the events. 
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As a result of the above mentioned limitations of existing approaches, systems 
developed using such approaches can detect only a few special types of events. Detection of 
complex events often requires human intervention. The existing methods, therefore, can not 
meet the challenges of rapidly and automatically indexing huge volume of data. 
5 What is needed is a semantic event detection method and system that is able to 

dynamically invoke high level domain knowledge from hierarchical event models and to 
automatically detect a wide range of complex temporal events and actions using pluggable 
probabihstic inference modules. 

BRIEF DESCRIPTION OF THE DRAWINGS 
The present invention is further described in the detailed description which follows, by 
reference to the noted drawings by way of non-limiting exemplary embodiments, in which 
like reference numerals represent similar parts throughout the several views of the drawings, 
and wherein: 

Fig. 1 is a high level block diagram of an embodiment of the present invention, in 
which the framework of an event detection system is shown; 

Fig. 2 is a high level block diagram of an expanded framework of an event detection 

system; 

Fig. 3 is an exemplary flowchart of the expanded event detection system; 
Fig. 4 shows an exemplary event model represented by an entity graph; 
Fig. 5 shows an exemplary model represented by an entity graph, in which 
relationships among a plurality of events are described; 
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Fig. 6 shows an exemplary detection scheme, in which temporal observations from 
different data sources are integrated prior to detecting events using a plurality of detection 
methods; 

Fig. 7 shows a different exemplary detection scheme, in which a plurality of detection 
5 methods are applied to each single data stream and detection results based on different 
streams are integrated after the detection; 

Fig. 8 illustrates a plurality of detection methods that may be apphed to event 
detection; 

Fig. 9 is a block diagram of event characterization in relation to event animation; 
^ ^ Fig. 1 0 displays an animated video event; 

Fig. 11 is a block diagram of event characterization in relation to event model 
adaptation; 

Fig. 12 shows an example how an existing event model may be revised based on event 
characterization; 

15 Fig. 13 shows an exemplary block diagram for a scheme that dynamically update an 

event model based on on-line prediction information; 

Fig. 14 shows an example of dynamically updating an event model based on on-line 
event prediction; and 

Fig. 15 shows an exemplary use of the present invention. 

20 
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DETAILED DESCRIPTION 
An embodiment of the invention is illustrated that is consistent with the principles of 
the present invention and that addresses the need identified above to automatically detect 
temporal semantic events based on given observation data and hierarchical event models. Fig. 
1 is a high level block diagram of an event detection system 100, which comprises an 
observation collection unit 110. an event modeling unit 130, and an event detection unit 120. 
In Fig. 1, observation collection unit 110 feeds relevant observations to event detection unit 
120. Event modeling unit 130 generates models for various events and stores the models so 
that they can be retrieved for event detection purposes. Event detection unit 120 takes the 
observations from observation collection unit 120 as input and detects events based on the 
corresponding models of the events, retrieved from event modeling unit 130. 

Observation collection unit 1 10 generates relevant observation data based on the data 
from one or more data sources. A data source may be a data acquisition device such as a 
camera, a microwave sensor, or an acoustic recorder. A data source may also be a data 
stream, sent to observation collection unit 1 10 through a. for example, network connection. A 
data stream may be a single media stream, such as an audio stream, or a multimedia stream, 
such as a video stream with synchronized audio track and closed captions. Observation 
collection unit 110 may be simultaneously connected to more than one data sources. For 
example, unit 110 may be connected to a plurality of cameras, a microwave sensor, and an 
acoustic recorder. 

The data from a data source is raw. Raw data may or may not be directly usefiil for 
event detection purposes. Observation collection unit 110 may extract usefixl observations 
from the raw data. For example, observation collection unit 1 10 may extract a set of acoustic 



Intel REF number: P9890 

PM&S REF number: 81674/273210 



features from an audio data stream and send those features, as observation data, to event 
detection unit 120 to detect the speech segments of a particular speaker. 

The observations generated by collection unit 110 may be features in spatial, 
temporal, or frequency domains, or in a combined domain such as spatial plus temporal. For 
instance, a set of feature points extracted from a two-dimensional image are spatial features. 
A series of microwave readings along time form temporal observations. A set of image 
features tracked along time in a video clip are combined spatial/temporal observations. 

Event modeling unit 130 generates event models that are used in detecting underlying 
events. An event model may be, for instance, built in the form of a decision tree, in which 
each node in the tree represents a decision point and each such decision point may involve 
some conditions measured based on a set of observations. It may be appreciated that the 
preferred embodiment of the present invention may also employ event models in different 
forms. For example, an event model buih for detecting a particular speaker may be generated 
in the fonn of a Probability Distribution Function (PDF) based on the acoustic characteristics 
of the speaker. 

An event model is used for both representing an event and for detecting the event. 
Event models, stored in event modeling unit 130, are retrieved by event detection unit 120 for 
detection purposes. Based on the observation data from unit 110, event detection unit 120 
identifies events using corresponding event models. There is a correspondence between the 
observations from collection unit 110 and the event models from event modeling unit 130. 
For example, if an event model is a decision tree and each of the decision node in the tree 
involve some conditional decisions made based on different observations. To use this model 
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to detect events, collection unit 110 has to supply the observations needed to make detection 
decisions at various tree nodes. 

Observation collection unit 1 10 generates observations that are relevant and useful for 
detecting events. The relevance of the observations to the detection is specified or detennined 
5 by the corresponding event models. For example, if an event model is built based on some 
spatial-temporal features such as location and time and is used for detecting the occurrences 
of the corresponding event, observations based on which the detection is performed may 
necessarily be the positions of the objects involved in the occuirences of the event. For each 
particular type of event, observation collection unit 110 produces observations according to 
3 the model of the event, stored in event modeling unit 130. Therefore, observation unit 110 is 
related to event modeling unit 130 by collecting observations based on evem models. That is. 
the event models stored in event modeling unit 130 dictate both the observation collection 
unit 1 10 and the event detection imit 120. 

The relationships among unit 110. 120, and 130 are described in more detail in Fig. 2. 
In Fig. 2. observation collection unit 1 10 generates a plurality of temporal observation series 
210a. 210b. 210c, and 210d. Event modeling miit 130 may comprise the evem models at 
differem levels of abstraction. For example, the domain knowledge 220a, the context models 
220b, and the dynamic event models 220c in Fig. 2 may form a hierarchy of models for 
underlying events. Models at different levels of the hierarchy may be used for different 
inference purposes. 

Domain knowledge 220a models domain specific information of an event. For 
example, for a sports game event, such as a goal event in a soccer game, the domain specific 
information may be about the rules in a soccer game. Context models 220b captures 
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contextual information. For instance, for a sports event in a soccer game, contextual 
information may specify the beginning of a new period. Dynamic event models 220c 
describes the characteristics of an event which may include the descriptions in spatial, 
frequency, and temporal domains. A dynamic model for an event may also be hierarchical. 
5 For example, a spatial event such as a particular sports player or player number 101 may be 
modeled as a decision tree. In such a decision tree, the sports player may be modeled as a 
motion blob represented by the top node of the tree. The motion blob may be specified as 
having two properties, represented as two children of the top node. One child may be a node 
representing number 101 (corresponding to the player's number printed on the shut) and the 
10 other may be a node representing a blue patch within the motion blob (corresponding to the 
color of the shorts the player wears). Further, the node representing number 101 may have a 
child node representing a yellow blob (corresponding to the color of the shirt that player 
wears). 

A spatial/temporal event may be modeled as a series of, along time, spatial models, 
1 5 each modeUng the event at one time instance, and together they form a spatial/temporal model 
for the event. Therefore, while 220a, 220b, and 220c may form a hierarchy of models for an 
event, 220c alone may contain an internal hierarchy of models. The distinction between 220c 
and the other two 220a and 220b may be that the latter captures only static infonnation 

Event detection unit 120 appUes event models, which may be some or all of 220a, 
20 220b, and 220c, to identify events based on given observations, which may be some or all of 
210a, 210b, 210c, and 210d. The details about event detection unit 120 will be further 
discussed later in referring to Fig. 6, 7, 8, and 9. 
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Detected events may be further analyzed by event characterization unit 240. Such 
characterization may include deriving statistics about the occurrences of a particular type of 
event. For example, the average rate of scoring a goal with respect to a particular player in a 
particular season may be computed based on all the goal events detected from the recorded 
videos of the games played in the season. Such statistics may be used by event model 
adaptation unit 250 to update event models. 

Event characterization unit 240 may also generate descriptions about certain actions 
occuired in detected events. For example, based on detected goal events in a soccer game, 
event characterization unit 240 may conclude that a particular player kicked the ball using his 
left foot. Such descriptions may be used, together with the detected events, by event 
animation unit 260 to generate the animation of detected events or actions. 

Events detected by event detection unit 120 may also be used directly by event model 
adaptation unit 250 to dynamically update event models. 

Fig. 3 shows an exemplary flowchart for event detection system 100. Hierarchical 
event models are retrieved at act 310 by event detection unit 120. Temporal observations that 
are relevant to the detection are extracted at act 320 by observation collection unit 1 10 and 
sent to event detection unit 120. Based on both the observations and the hierarchical event 
models, event detection unit 120 identifies the events at act 330. Such detection may be 
continuous along time. Detected events may be used at act 340 to dynamically update the 
event models. Acts 330 and 340 may repeat until the end of detection. 

The loop between act 330 and 340 may yield zero or more occurrences of the 
underiying event. For example, if an underiying event is a goal event in a soccer game and 
the input data to event detection system 100 is a video recording of an entire game, multiple 
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occurrences of the goal event may be detected from the game recording. A collective of event 
occurrences is analyzed at act 350 by event characterization unit 240 to generate the 
characterization of the events detected from a data stream. Such characterization may 
comprise various statistics about the occurrences of the event such as the distribution of the 
5 occurrences along time axis. Another example may be the correlation between the event and 
the conditions under which the event occurred. For instance, a goal event may occur under 
different situations such as which player scored the goal. It may be beneficial to compute the 
percentage of each player on a team scoring a goal. 

The characterization may also include descriptions about certain interesting actions 
10 occurred during the event. For example, in a sports event such as soccer, certain player may 
have consistently scored goal from the left side of the field. Capturing such information may 
be important for various reasons such as animation. 

The characterization may be used at act 360 to update an event model. For example, if 
a current goal event model describes that there is a high probability that a goal event will 
15 occur when certain player is on the right side of the field. This model may be built based on 
the past experience. If the player has significantly improved his skill to achieve goal from left 
side of die field and various occurrences during competitions have shown that the probability 
for him to score a goal from left side is now actually larger than from the right side, the model 
needs to be updated. The new probability may be extiracted from characterization unit 240 
20 and used to update event models. 

Fig. 4 and 5 show two exemplary event models represented as an entity-relationship- 
diagram for a soccer game. The event model in Fig. 4 describes the knowledge that a "Team 
Possession" may start with one of certain types of events. For example, Team possession may 
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Start with a "throw-in" event 420, a "kick-off event 430, a "comer kick" event 440, a "free 
kick" event 450. a "goal kick" event 460, a "penalty kick" event 470, or a "drop ball" event 
480. Each event may be associated with a probability, estimated based on, for example, the 
past game statistics. In the exemplary event model for "Team Possession" shown in Fig. 4, 
5 the probabilities associated with four events ("throw-in", "kick off, "comer kick", "free 
kick", and "drop ball") are all 0.15. The probability associated with event "goal kick" is 0.2 
and with event "penalty kick" is 0.05, respectively. 

Fig. 4 also shows that "Team Possession" has other properties as well. For example, it 
has a "begin time" and an "end time" and it is associated with a particular team. The 
10 knowledge represented by the model in Fig. 4 is a piece of static knowledge about a soccer 
game. Such knowledge may be updated based on accumulative experience. For example, the 
probabilities associated with each of the events that may start with a "Team Possession" may 
be revised based on a series of detected events. 

Fig. 5 illustrates a model 500 for a "kick" event 510 in a soccer game. Model 500 
15 describes the relationship between a "kick" event 510 and a number of possible events. For 
example, a "kick" event may be classified as one of a "assist" event 530, a "shot-on-goal" 
event 540. a "save" event 550. a "block" event 560, an "interception" event 570, and a 
"turnover" event 580. A "kick" event 510 may also be associated with a number of properties 
such as the "time" and the "location" the "kick" event occurred and the player who kicked the 
20 ball. Since a "kick" may also resuh in a goal, model 500 comprises as well the link between a 
"kick" event and a particular "goal" event 520. 

Fig. 6 and Fig. 7 illustrate two different exemplary embodiments of event detection 
unit 120. In Fig. 6, event detection unit 120 comprises an integration unit 620. a detection 
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unit 630 which further comprises a plurahty of detection methods 640a, 640b, 640c, and a 
fusion unit 650. Integration unit 620 combines different observation streams from different 
data sources. Different detection methods 640a, 640b, 640c detect a same evem using 
different approaches. Detection results from different detection methods are fused or 
5 combined by fusion unit 650 to reach a single detection decision. In Fig. 6, detection unit 630 
detects an event based on the. integrated observation stream, from integration unit 620, and 
event models from event modeling unit 130, and then saves detected event in event storage 
660. 

Observation collection unit 110 provides one or more observation streams 
10 210a.. ..210d to event detection unit 120. As described earlier, observation collection unit 1 10 
may obtain data from different data sources, which may comprise different modalities (e.g., 
video and audio) or multiple sensors of a single modality. For example, multiple video 
streams may come from video cameras that are mounted at different locations of a sports 
stadium. At the same time, a sound recording may be simultaneously performed that records 
the sound from the stadium. Based on raw data streams, observation collection unit 110 
generates useful observations such as the tracking points of a particular sports player in a 
video and feed such observations, together with synchronized audio data, to event detection 
unit 120. 

When there are observations from different modalities, event detection unit 120 may 
utilize different modalities to improve detection. For example, a soccer game recording 
usually comprises both video and sound tracks, corresponding to different modalities. A goal 
event may be evidenced in both video and audio tracks. That is, a goal evem may not only be 
seen in a video but also be heard (e.g., through crowd cheering) from the audio track. In this 
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case, detecting both the visual evidence as well as the acoustic evidence of a goal event from 
the observations of different modalities may strengthen the confidence in the detection results. 

Different modalities may be integrated in different fashions. The exemplary 
embodiment of the present invention shown in Fig. 6 integrates observation streams from 
different modalities before they are used for detection purposes. Such integration may be as 
simple as concatenating the observations from different data sources at any time instance to 
fomi a single observation vector. Integration unit 620 may also implement more intelligem 
integration schemes such as computing the three dimensional positions of a person, tracked in 
two dimensional video images, based on observations from multiple cameras and then sends 
such derived three dimensional positions as integrated observations. 

Integrated observations are fed to detection unit 630. In Fig. 6. detection unit 630 may 
comprise differem detection methods that detect, in parallel, a same event at any particular 
time but using different approaches. For example, detection method 640a may correspond to 
a rule-based expert system that infers, based on heuristics, the occurrences of an event from 
input observations. Detection method 640b may correspond to a maximum likelihood 
estimation approach that estimates the probability for an event to occur based on the 
likelihood computed based on the event model and the input observations. Each of the 
detection methods in unit 630 detects underlying event independently. The detection results 
from those independem detection methods are combined by fusion unit 650 to generate a final 
(fused) detection result. The detected event is saved in event storage 660. 

A different exemplary embodiment for event detection unit 120 is illustrated in Fig. 7, 
in which a plurality of detection unit 630 (630a,... 630b) are used. Each detection unit, for 
example 630a, detects an underlying event based on corresponding event models and a single 
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obseivation stream. For example, the occurrences of a goal event may be detected by 
detection unit 630a from observation stream 1 that may provide the positions of a tracked 
soccer ball in a video. The same occurrences of the goal event may also be detected, in 
parallel, by detection unit 630b from observation stream k that may provide the acoustic 
recording of the same soccer game. These two detection units detects the occurrences of the 
same event based on the observations from different modalities. 

Each detection unit may be a plurality of detection methods. The detection methods 
within a single detection unit (e.g., 630a) detect the occurrences of an event using different 
approaches. All the detection methods in a single detection unit operate on the same 
observation stream. The detection results from these detection methods are combined to 
achieve a detection. For example, to identify the crowd cheering associated with a goal event 
from acoustic recording of a soccer game, detection method 1 in detection unit 630b may 
apply neural network approach; while detection method n may apply frizzy logic approach. 
Both approaches identify the same event based on the same input data. The fusion unit in 
630b combines the results from both detection methods to reach a detection decision. 

Detection results with respect to different observation sfreams may be fimher 
integrated to reach a final detection resuh. In Fig. 7. unit 630a may have detected a goal event 
based on the tracking ball positions from stream 1 and unit 630b may have detected a goal 
event based on the crowd cheering identified from observation stream k. Both detect the 
event based on the data from a single modality (video or audio). If the goal events identified 
by 630a and 630b (independently from video and audio data) have confidence measures 0.7 
and 0.8, respectively, by combining the two. a final detection result generated by integration 
unit 620 may have a higher confidence measure, for example, of 0.9. 
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Event detected from different observation streams of the same modality may also be 
used to improve the overall detection. For example, if two synchronized goal events are 
independently detected from two single observation streams, each representing the video 
recording from a camera mounted at a different location of a stadium, the two independent 
detection results may be integrated to yield a final detection. In this case, even if one of the 
detection results may be associated with a low confidence due to, for example, poor lighting 
condition in the video, the combined detection result may yield higher confidence level due to 
the mutual supporting evidence from different viewing angles in the stadium. 

Fig. 8 illustrates a set of exemplary detection methods that may be used to implement 
630a,..630b. In Fig. 8, a detection method may be any one of a maximum likelihood 
estimation method 840, a fiizzy logic method 810, a Bayesian network based method 850, an 
expert system based method 820, a Hidden Markov Model method 860, a decision free based 
method 830, and a neural networks based method 870. The fiision unit 650 may be 
implemented as a generic fiinction that fiises detection results or as a simple rule based 
scheme. Fusion unit 650 generates detected events, each of which may be associated with a 
confidence measure. 

Detected events may be used to generate appropriate characterizations which may 
subsequently be used for different purposes. Fig. 9 shows an exemplary block diagram of 
event characterization unit 240, in relation to event animation/synthesis unit 260. Using the 
detected events stored in event storage 660, event statistics extractor 930 may compute 
various statistical information from the detected events and save the information in event 
statistics storage 950b. At the same time, event description generator 920 generates 
descriptions about certain aspects of the detected events. Generator 920 may identify certain 
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consistent actions occurred n detected events and generate a description about such actions. 
For example, if a particular player scored goals in a series of detected event, it may be useful 
to know how many times that the player actually kicked the ball using his left foot. Such 
description is stored in event action description storage 950a. 

Descriptions about event actions may be utilized by event animation/synthesis unit 
260 for various animation purposes. Based on action descriptions, event animation/synthesis 
unit 260 may generate animated events and insert or plug in those animated event to a real 
scene to produce a synthesized event. Fig. 10 shows an example of video synthesis, in which 
an animated figure 1020 is inserted into a real scene 1010 of a soccer field. 

Event characterizations may also be used for other purposes. Fig. 11 shows the 
exemplary relationship between event characterization unit 240 and event model adaptation 
unit 250. The characterization information stored in 950 may be accessed by event model 
adaptation unit 250 to determine how to update existing event models. Fig. 12 illustrates an 
example in which the probabilities associated with various starting situations for "team 
possession" are updated using the statistics computed based on detected events. In referring 
to Fig. 4 which shows the exemplary original probabilities associated with various events, the 
probability associated with "throw-in" is changed from 0.15 to 0.10 and the probability 
associated with "kick off' is updated from 0.15 to 0.23. Those updates may be due to the 
fact that detected events have consistently shown that the probability for "team possession" to 
start with a "kick off event is larger than the probability to start with a "throw-in" event. In 
this case, even though the original model, shown in Fig. 4, states equal probability between 
the two, the characterization about recent events confradicts the original model. The event 
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may become increasingly difficult and updating model 1430 using the on-line predicted 

trajectory 1440 may benefit the detection. 

The semantic events detected using fi-amework 100 may benefit different applications. 

For example, a sports team may use the statistics computed based on detected events to learn 

fi-om success or mistakes to improve. The detected events may also be used to index the raw 

data to facilitate content based query and retrieval. 

Fig. 15 illustrates an example of such use. In Fig. 15, semantic event based indexing 

and retrieval mechanism 1510 builds indices to raw data stored in data storage 1520 based on 
detected events 660, event statistics 950b, and event action descriptions 950a. With those 
indices, an end user 1540 may issue queries about certain events. Such queries may be sent to 
a search engine 1530 to search for the events that satisfy the criteria specified in the queries. 
Search engine retiieve desired events from data storage 1520 using event based indices stored 
in 1510. The retrieved events are sent back to end user 1540 so that they can be displayed or 
manipulated. 

When data volume is huge, such indices enable much more efficient retrieval. For 
example, if stored raw data in data storage 1520 is video data of a soccer game, retrieving a 
particular segment of the game video that contains the goal event scored by a particular player 
may be extremely inefBcient without proper index. Therefore, with such event based indices, 
an end user can retiieve only the desired portion of the raw data that contains relevant 
information with efficiency. 

The search engine 1530 may also retiieve information directiy fi-om indexing and 
retrieval mechanism 1510. For example, event statistics may be retrieved by a coach of a 
sports team for performance review. End user 1540 may also request only event action 
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description information 950a. If event animation/synthesis unit 260 is installed on the end 
user's machine, the retrieved event action description can be used to generate animations. 

The processing described above may be performed by a general-purpose computer 
alone or in connection with a special purpose computer. Such processing may be performed 
by a single platform or by a distributed processing platform. In addition, such processing and 
functionality can be implemented in the form of special purpose hardware or in the form of 
software being run by a general-purpose computer. Any data handled in such processing or 
created as a result of such processing can be stored in any memory as is conventional in the 
art. By way of example, such data may be stored in a temporary memory, such as in the 
RAM of a given computer system or subsystem. In addition, or in the alternative, such data 
may be stored in longer-term storage devices, for example, magnetic disks, rewritable optical 
disks, and so on. For purposes of the disclosure herein, a computer-readable media may 
comprise any form of data storage mechanism, including such existing memory technologies 
as well as hardware or circuit representations of such structures and of such data. 

While the invention has been described with reference to the certain illustrated 
embodiments, the words that have been used herein are words of description, rather than 
words of limitation. Changes may be made, within the purview of the appended claims, 
without departing from the scope and spirit of the invention in its aspects. Although the 
invention has been described herein with reference to particular structures, acts, and materials, 
the invention is not to be limited to the particulars disclosed, but rather extends to all 
equivalent structures, acts, and, materials, such as are within the scope of the appended 
claims. 
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